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Introduction
It is now widely understood that mobile phone use has beneficial effects on economic development in developing countries. Usually, such development is measured by market participation by farmers or by aggregate indicators of economic prosperity. In this paper we aim to add to the knowledge base by studying the impact of mobile phone use on household-specific economic development. For that purpose we conducted personalized interviews in Uganda, which amounted to data on about 200 households. A second novelty of our study is that we use the Progress out of Poverty Index TM , which we here use as a variable to be explained. After applying the proper econometric estimation techniques, we document that mobile phone use indeed has beneficial effects at household-specific development.
Background
Mobile phone user rates have increased rapidly in developing countries. Africa, for example, had a density of 40% at the end of 2008 (The Economist, 2009a) , with a 59.7% annual growth rate of mobile phones per 100 habitants between 1999 and 2004 (Telecommunications Union, 2007 . This increase in mobile telephone activity is often cited as one of the fundamental causes of recent boosts to development in the developing world. An important explanation for the positive and sizable impact of the mobile phone is its power to enhance market efficiency.
Buyers and sellers in developing countries often lack the means to evaluate prices, and this could cause that markets become inefficient (Eggleston et al., 2002) which would be noticeable from price dispersion (Stigler, 1961) . Telephones enable market agents to collect information for their buying or selling decisions, and this makes markets more efficient. Jensen (2007) , for example, presents empirical evidence that a "near-perfect adherence to the Law of One Price" in the South Indian fisheries sector is due to mobile phone use. Additionally, mobile phones can induce time savings and reduced travelling costs (Mittal et al., 2009) . The public phone, used as a substitute or a complement to the mobile phone, has also been found to have positive effects on economic development (Bayes et al., 1999) .
The economic impact of mobile phones in the developing world is twice as large as in developed countries (Waverman et al., 2005) . Interestingly, unlike their developed counterparts, developing countries have leapfrogged fixed telephone lines and moved straight to using mobile phones. Indeed, both mobile and public phones seem to close the digital divide between the developed and developing world, in fact facilitating a "Digital Provide", which ultimately leads to economic growth (Eggleston et al., 2002) .
The expanding trend in mobile phone users is mirrored by the rapidly increasing number of mobile applications. A significant recent application is mobile banking (m-banking), which allows customers to store, to transfer and to withdraw money using their mobile phones. Undoubtedly, M-PESA in Kenya is the most successful example of m-banking in the developing world (The Economist, 2009b) . Since M-PESA's launch in 2007, its customer base has grown to 23% of the Kenyan population and the transactions amount to 11% of Kenya's GDP (The Economist, 2010) . M-banking is expected to have a positive effect on economic development, for reasons of financial security, informal sector reduction and entrepreneurship (Coyle, 2007) .
Another recent trend in mobile phone applications is "mobile search", encompassing a range of Short Message Service (SMS) services that inform users on request of weather conditions, sports, news, agriculture, health and so on. Mobile search allows efficient gathering of information, and it helps individuals to take more informed decisions. An example of such a service is Google SMS in Uganda, which enables users to ask for specific health information (like family planning) or agricultural information (like tick control on livestock).
All these recent applications hinge upon the availability and use of mobile phones, and therefore we address the latter as the key focus of our paper. We decided to collect data at the household level, as, to the best of our knowledge, no such detailed data are available. More precise, we collected survey data for 196 households in Uganda. 1 Using these detailed data, our study investigates the impact on economic development of mobile phone use. We use the Progress out of Poverty Index TM -developed by the Grameen Foundation -to measure economic 1 Uganda is an interesting country for its pioneering role in telephones. It was the first to replicate the Village Phone program outside of Bangladesh, where it was initiated by the Grameen Foundation, and recently Uganda launched the Google SMS application. MTN villagePhone in Uganda is initiated by the telephone provider MTN Uganda and the Grameen Foundation. The program establishes so-called village phone operators (VPOs) in villages which lack electricity and provides them with a cell phone, which villagers can use for a small charge. development at the household level, which is the first time that this variable is used as a variable to be explained.
The remainder of this paper is as follows. Section 2 provides an overview of the literature on impact studies of basic and advanced telephone use. Section 3 discusses the data collection.
Section 4 describes the econometric methodology and it presents the empirical results. Finally, Section 5 provides conclusions, a discussion, and suggestions for future research.
2 Literature Donner (2008) provides the most comprehensive review of mobile phone studies in the developing world, surveying about 200 articles and allocating them to various categories. Our study can be associated with Donner's "mobile impact" category, which focuses on developmental effects of mobile phones. Note that all studies in this category are reported to conclude that mobile phone use has a significant positive impact on economic development.
Mobile phone impact studies view economic development from either a macro-economic or a micro-economic standpoint. A precursor to the macro-economic studies is Hardy (1980) , who found a positive impact of fixed line telephones on economic growth. Waverman et al.
(2005) also find a positive significant effect of mobile telecommunications on economic growth and emphasize that this impact "may be twice as large in developing countries compared to developed countries." In addition, Waverman et al. (2005) report absolute price and income elasticities of mobile phone demand larger than 1. Likewise, Kathuria et al. (2009) show that Indian states with higher mobile phone penetration have a higher economic growth.
There are various studies that report on the micro-economic impact of mobile phones. These studies tend to focus on the market effects of mobile phone use. Abraham (2007) , for example, shows that the use of mobile phones has a positive impact on economic development in the fishing industry in India, which is established through increased market integration, gains in productivity and reduction of price dispersion and price fluctuations. Similarly, Aker (2008) finds that the grain prices across Nigerian markets have been reduced by 20 % as a result of mobile phone use. Aker (2008) utilizes the "quasi-experimental nature of cell-phone rollout" and examines changing market power. Jensen (2007) demonstrates a "near-perfect adherence to the Law of One Price" in the South-Indian fisheries sector. Muto and Yamano (2009) find that mobile phone coverage expansion increases market participation in Uganda for farmers growing perishable crops in remote areas.
In contrast to the available micro-economic studies, our present study focuses on the impact on individual households rather than on markets. It is yet unclear whether or not individuals can directly influence their household's development by using a mobile phone. Any evidence of such an impact at the household level could catalyze further investments in pro-poor telecommunications.
It is difficult to measure economic development at the household level in developing coun- M-banking enables individuals to use their mobile phone as a portable bank account for the purpose of storing, transferring and withdrawing money. In developing countries the service is most often performed via SMS. Most m-banking research is restricted to studying adoption (Laforet and Li, 2005) or use (Porteous, 2007; Ivatury and Pickens, 2002) . Porteous (2007) and Ivatury and Pickens (2002) make the case that m-banking users in South Africa are more educated and richer than South Africans with a regular bank account. Ivatury and Mas (2008) address the "early adopter" characteristics of users and predict that in the future m-banking will be used more by poor than by rich individuals. One of the rare quantitative impact studies is cited by The Economist (2009b) stating that "incomes of Kenyan households using M-PESA 2 have increased by 5-30% since they started mobile banking." Duncombe and Boateng (2009) state that "academic research . . . is lagging behind the rapid change on the ground." Duncombe and Boateng (2009) emphasize the need for impact evaluation at a micro level using primary data, and this is what we will do in our present study.
Mobile search services send information on a wide range of topics in the form of text messages. The important difference from other SMS information services is that mobile search services send information on request of the user. At the more general level of SMS services, there is a "growing body of evidence" that "pro-poor services" using SMS have a positive impact (Scott et al., 2004) . Literature on mobile search is mainly of a technological nature, such as Jones et al. (2007) , and/or focused on developed countries, like Kamvar and Baluja (2006) .
Our study is the first mobile search impact study in the developing world.
In addition to mobile phones, our study also includes public phone use. Bayes et al. (1999) , which is one of the rare public phone impact studies, claim that Grameen Telecom's village phone program, which provides public phones to rural areas, has proven to reduce poverty of its users in Bangladesh.
To summarize, we study the micro-economic impact of mobile phones by using the PPI TM to measure development at the household level. Additionally, we investigate the impact of mbanking and mobile search in a developing country.
Data collection
Our cross-sectional data set contains variables concerning economic development at the household level, telephone use and household characteristics. Unique data were collected by the first author in interviews with heads of households (N=196) on location in Uganda in March 2010.
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To account for the geographic diversity of Uganda, we selected three different areas as interview locations. Area 1 is located in the Central region of Uganda, in the Buikwe county in the Mukono district. Area 2 is in Eastern Uganda, in the Tingey county in the Kapchorwa district, Area 3 is in Western Uganda, in the Busongora county in the Kasese district. The map in Figure   1 indicates the locations of these areas. Interpreters assisted us in conducting the interviews in each of the three areas, translating to/from the languages of Luganda, Kuksabiny, and Logongo/Lutoro respectively. The remainder of this section describes the economic development, telephone use and household characteristics. Table 7 in Appendix A provides an overview and description of all variables discussed in our study.
Economic Development
We measure the economic development of a household by the Progress out of Poverty Index TM (PPI TM ). This index, which has been developed by the Grameen Foundation, is gaining popularity in microfinance as it provides a rough-and-ready measurement of development. The index is calculated using a scorecard containing a few simple questions, which allows for quick answering. Each item is associated with points, and the sum of the points for all questions is equal to the PPI TM for the household of the interviewee. As a formal scorecard is not yet available for Uganda, we use the PPI TM for the neighboring country Kenya, as outlined in Chen et al. (2008) . Table 8 shows a statistical summary of our data. The index ranges from 0 to 100, and a high (low) score indicates a low (high) probability that a household is below the poverty line. We interpret the PPI TM as a measure of economic development, where we assume that development increases with index score. Table 2 shows some key descriptive statistics of economic development in Uganda. For the full sample, the mean of 37.14 and the median of 37.00 of PPI TM differ only marginally, and hence the distribution seems symmetric. For the areas 1 and 2, however, the median is more than 4 points lower than the mean causing the distribution to be positively skewed, which is due to a few highly developed households. No household scores the full hundred points, implying that no single household is fully developed in terms of the PPI TM . Both the lowest and the highest economically developed households are reported in area 1, explaining the high standard deviation for this area. Figures 2 to 5 in Appendix B display the histograms of economic development for the full sample and for the three areas.
In addition to PPI TM scores, Table 2 shows the average poverty likelihood. This likelihood associates with the probability (in percentages) that a household is below the poverty line. Table 2 . The likelihoods for the areas differ between 10% and 15% from the reported poverty levels, which can be explained by the fact that the poverty levels in Table 2 are given at the county level and not at the sub-county level. 5 Of course, it may also be the case that Kenyan score card needs further modification to match the Ugandan situation.
On the other hand, Chen et al. (2008) use 1997 survey data, and, more than 10 years later, these data might have become less applicable to calculate economic development.
Telephone variables
The aim of our study is to measure the effect of mobile telephone use of the head of the household 6 on the economic development of his/her household. "Telephone use" is classified into "basic telephone use" and "advanced telephone use". Public phone is assigned to the basic use category and incorporates both phone booths and pay phones, the latter being a telephone that can be used in exchange for a charge. 7 About 40% of the Ugandan population uses a public phone on a regular basis (Gillwald and Stork, 2008) . Basic telephone use also includes tradi-tional use of mobile phone, which is both through voice (phone calls) and text (SMS). Uganda, with a population of more than 32 million, had close to 10 agriculture, which has been collected in cooperation with non-profit organizations. Table 3 shows the user rates of both basic and advanced telephone services in our sample.
It is important to note that a "mobile phone user" is defined as someone who owns a mobile phone. The mobile phone is more popular than the public phone, that is, 63% of the heads of households is a mobile phone user, while 43% is a public phone user, where we have 42 mobile phone users who also use public phones. 77% of households has at least one mobile phone using member. On average, each household has more than one mobile phone user (1.35).
Concerning advanced telephone use, the low user rates are striking, that is, only 12% for m-banking and only 5% for mobile search. These low percentages can perhaps be explained by the very recent introduction of both services. The currently small size of the samples of m-banking and mobile search users excludes advanced statistical analysis, and we suggest to collect more data for future research in this area. 14 and 16 in Appendix C). Phone call frequency, however, is negatively skewed with many observations in the "daily" category ( Figure 15 ).
Similar to public and mobile phone, m-banking is most often used to transfer to, or receive money from, friends and family members. On average, this service is used less than once a week and the amounts transferred range from 200 UGX 9 (0.07 EUR) to as much as 500000 UGX (173.98 EUR). Mobile search services are used more than once a week and sports is the most popular information category. 10 Compared to national data, the sample of this study is different in several aspects. The household size exceeds the Ugandan average of 4.7 persons (Uganda Bureau of Statistics, 2006c) , and the sample urbanization rate is almost 4% higher than the rate of 12.3% for Uganda as a whole (Uganda Bureau of Statistics, 2006d) . The average years of education is lower than the national average of 10 years (Central Intelligence Agency, 2009), while the literacy rate is more than 10% higher than the population average of less than 69% (Uganda Bureau of Statistics, 2006b ). This discrepancy is caused by a high literacy rate in area 1 (see Table 9 in Appendix D). The proportion of farmers is lower than the national average of 71% (Uganda Bureau of Statistics, 2006a), caused by a high sample urbanization rate. a lower literacy rate and education level, and few of them live in urban areas, which in turn associates with the high proportion of farmers. Non-users tend to be seven years older than users and most of them are female. Illiteracy, which is linked to a lower education level and a higher age, 11 makes it more difficult to use a telephone.
Household characteristics
Many of these observations on non-users also apply to public phone users, albeit to a lesser degree. Non-users have a lower economic development, education level and literacy rate than the average of the total sample.
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Mobile phone users, on the other hand, score five points above the sample average of economic development. Mobile search users and m-banking users score as much as eight points higher. Mobile search users' economic development shows more variation than that of other users. The high standard deviation is caused by the fact that the small mobile search sample reports PPI TM values as low as 19 and as high as 86.
The literacy rate of mobile phone users is close to 1. The literacy rate of mobile search users is equal to 1, which is not unexpected. All users, with m-banking and mobile search in particular, have a higher education level than the sample mean. M-banking is more prevalent in rural areas, while mobile search is used more frequently in urban areas. The relatively high economic development, literacy and education level of advanced users correspond with the "early adopter" characteristics that Ivatury and Mas (2008) mention in relation to m-banking users.
The average age of users is about the same across the different types of users, but the standard deviation is around two years lower for advanced users. Apparently, advanced services have not made their way (yet) to the youngest and the oldest categories of basic users.
The bottom panel of Table 5 refers to the feeling of well-being of the heads of households.
The interviewees answered the following three questions on a five-point Likert scale (1=not at all, 5=extremely): "How important do you believe you are to others?"; "Do you believe 11 The average education level and age of illiterates is 3.4 years and 44.2 years, respectively, whereas these values for literates are 9.0 and 38.1.
12 For public phone users who do not use a mobile phone, these results are more pronounced. With an education level of 6.51 years and literacy rate of 0.58, this category of users is only slightly outperforming the non-users. In terms of PPI TM , which is 28.14 on average, these users are even doing worse than non-users.
you can accomplish in life what you want?"; and "Do you believe your children will succeed in education?" In general, interviewees gave fairly positive answers to all three questions. The correlation between economic development and the average of three well-being variables is 0.24.
Public phone users are scoring below average with regards to well-being, and mobile phone users score above average. Mobile search users are scoring particularly high, rating around 0.5 points above the average for all three questions. Table 9 in Appendix D presents descriptive statistics for urban households and for households from the three different geographic areas.
In sum, we see that mobile search and m-banking correlate positively with economic prosperity and with feelings of well-being. Unfortunately, we do not have enough data to formally test these correlations, also as the econometric model should allow for two-way causality.
Hence, in the next section we exclusively focus on the effects on mobile phone use.
Methodology and results
So far, we discussed the link between higher levels of economic development and mobile phone, m-banking and mobile search users. The nature of this link is uncertain, however. Indeed, more economic development may also facilitate the adoption of these new products. Hence, when we zoom in on the potential increase of economic development, we must take into account the possibility of a simultaneous relation.
IV estimation
Basically, we consider the regression model
where y is a measure of economic development, X is an n × k matrix which includes an intercept, telephone variables, and other variables, β is a k × 1 vector of coefficients and is a n × 1 vector with errors. Simultaneity implies regressors can be endogenous, which in econometric language means that
where E is the expectations operator. Endogeneity leads to inconsistent and biased parameter estimates, which is a common problem in the literature on economic development, see Easterly and Levine (2002) . 13 Hence, we resort to Instrumental Variables (IV) estimation to obtain consistent parameter estimates.
Assume that X consists of X 1 and X 2 , which associate with endogenous and exogenous regressors, respectively. We regress each column of X 1 on instruments captured in Z, which are exogenous variables that are sufficiently correlated with the possibly endogenous regressors, which in our case concerns telephone activity. Formally,
for each j = 1, . . . , k. The n × 1 vector x 1j includes observations for the j th possibly endogenous regressor. Z is an n × m matrix of instruments, γ j an m × 1 vector of coefficients for the j th regressor and η is an n × 1 vector with errors. Using (3) we calculatê
whereγ j is the estimated coefficient vector.
Next, the estimated regressors from Equation 4 are used as explanatory variables in a regression with dependent variable y and exogenous variables X 2 , that is,
whereX 1 is a n × k matrix with columnsx 1j , X 2 is an n × p matrix (including an intercept), β 1 and β 2 are k × 1 and p × 1 vectors of coefficients respectively, and is an n × 1 error vector.
All non-binary variables -except for variables that measure proportions -are log(1 + x) transformed, thereby reducing skewness and heteroskedasticity. We add a 1 as some variables can attain the value of zero.
Vector y in this study consists of observations on economic development described in Section 3. The regressors x 1j are measures of telephone use. The exogenous regressors and other instrumental variables in the matrix Z are household characteristics and public phone variables.
Individuals with missing values are deleted from the data set.
14 Regression parameters are estimated for all possible combinations of instruments. We test for endogeneity using the Durbin statistic (Durbin, 1954) and for validity using the Sargan statistic (Sargan, 1958) . Even though instruments can be valid, the variables can be insufficiently correlated with the endogenous regressors. This "weakness" of instruments is indicated by a low partial R 2 for (3), meaning that the instruments have low explanatory power for an individual endogenous regressor. Weak instruments cause relatively large error variances for (5). We report the regression results for the instrument set with the highest first stage fit, which is defined as the set with the highest F statistic in the first stage regression. To ensure the maximum bias in IV does not exceed the bias of OLS with more than 10%, we use the rule of thumb of F > 10. However, we can relax this rule of thumb to F > 5 if we are willing to accept a somewhat higher bias (Cameron and Trivedi, 2005) . Table 6 displays the highest fit IV results for three different regressions, each with a constant and one mobile phone variable. Inspired by Narayan and Pritchett (1997) , we use household size, years of education of the head of household and being a farmer as control variables. In addition, a dummy for area 2 is added, as there is a large difference between the economic development in this area and the other two.
Results
As can be seen from the estimation results, mobile phone use, regardless of how it is measured, has a significant positive effect at the 5% or 1% confidence level. In the first two regressions, mobile phone use is measured with binary variables. The variables are equal to 1 if the head of household or at least one household member is mobile phone user in regression (a) and 14 The most common reasons for missing values were interviewer notation errors, such as unreadable handwriting. In addition, 3 interviewees did not answer the well-being questions.
(b) respectively and otherwise, the variables are equal to zero. The impact of use of at least one household member is larger than the impact of the head of household's telephone use, that is, 0.89 as opposed to 0.62. Apparently, household members, who do not classify as head of a household, influence development with mobile phone use. An additional explanation for the higher coefficient is the importance of the number of users, as the mobile phone use variable at the household level is equal to 1 for one user as well as for multiple users in a household.
This last notion is confirmed by the results of regression (c) in Table 6 . In case the proportion of users in a household increases with 50%, the development increases with 1%. Of the control variables, only household size and the area 2 dummy have (close to) significant coefficients. Table 10 in Appendix E displays the instrument set and selected instruments. Table 6 reports that we can reject the null of exogeneity of the mobile phone variable(s) in two of the three regressions (at a 10% level). In all regressions where the validity of the instruments could be tested the null of exogenous instruments cannot be rejected.
Besides validity, we are also interested in the strength of the instruments selected. Table 6 reports the F statistic for the first stage regression. For regression (a) this statistic is higher than 10 and for (b) and (c) it is higher than 5, indicating that the bias due to weak instruments is acceptable. Even though the instruments are potentially weak, we do not obtain disproportionately large standard errors.
Conclusion
Mobile telephony has the power to enable individuals to efficiently obtain information both for personal and for professional purposes. This study confirms that mobile phone use has a positive impact on economic development, also at the individual household level.
Implications
Our conclusion on mobile phones have important policy implications. For example, funds could be aimed at mobile phone accessibility. The results in our study show that it is mainly important that individuals get access to mobile phones. It might be beneficial to encourage the use of m-banking and mobile search. That poor people are not usually early adopters of technology can be explained by personal experience (they are likely to have had less exposure to technology and have less access to information about new offerings) as well as the fact that they are less attractive to providers. This makes the task much harder for governments and donors who are targeting poor people with financial services. Government programs in India, Russia, Malawi, South Africa, and Brazil distribute social protection payments to customers through branchless banking channels. These have been found successful at opening bank accounts for millions of poor customers in some cases (notably Brazil), but have not led to regular use of those accounts to spread expenditures over time. Balances tend to be withdrawn in full as soon as payments are received. More research is needed on how poor and excluded clients view their relationship with banking agents and their willingness to trust providers (Ivatury and Mas, 2008) .
In accordance with statements by Ivatury and Mas (2008) about m-banking users in South
Africa, advanced telephone users have the "early adopter" characteristics of high economic development, literacy and education level. First, transaction costs are high and user rates are low at this early stage. Over time, with lower costs and higher user rates, 15 developmental impact will be larger and the negative effect of frequency is expected to fade. Also, longer term effects of m-banking use will have rooted, reaping additional developmental benefits. Future research will gain more insight from larger data sets and will be able to draw more sound conclusions on the impact of use.
Discussion
Points of improvement do not merely concern explanatory variables. The dependent variable of economic development also requires additional investigation. First of all, this study used Kenya's PPI TM scorecard, which might be suboptimal. Currently (2011), the Grameen Foundation is in the process of developing a scorecard for Uganda. It would be valuable to compare the results for the Ugandan scorecard with our results, to assess to applicability of the scorecard in 15 High user rates have a positive effect on development through the so-called "network effect," a common term in ICT literature. The network effect implies that a service's benefits increase with the number of users.
Uganda. Secondly, further analysis is required to confirm the validity of the PPI TM in statistical analysis. Thirdly, the PPI TM measures economic development at the household level, while many regressors are measured at the level of the head of household. Further data collection should therefore include more information on the household as a whole. Figure 1 ). In addition, the table displays the average poverty likelihoods. Each household is assigned a poverty likelihood based on the PPI TM score using results in Chen et al. (2008) and the average poverty likelihood is the mean of these values. The last row represents the county poverty levels as measured by Emwanu et al. (2007) . The poverty level for area 1, which includes both rural and urban households, is a weighted average of the urban and rural rate. Areas 2 and 3 include only rural areas. Urban/rural areas are classified in accordance with Emwanu et al. (2007) . Table 9 in Appendix D shows the proportion of urban households for each area. Gender ( (2007) is used to determine the proportion of households in urban areas. To measure well-being, three questions were asked to which the interviewees had to give an answer on a scale from 1 ("not at all") to 5 ("extremely"). These questions were: "How important do you believe you are to others?" ('Importance'); "Do you believe you can accomplish in life what you want?" ('Accomplishment'); and "Do you believe your children will succeed in education?" ('Children'). A "mobile phone user" is defined as someone who owns a mobile phone. 1= not at all 2= a little 3= moderately 4= very much 5= extremely Ordinal Well-being: children My children will succeed in education.
1= not at all 2= a little 3= moderately 4= very much 5= extremely
Ordinal
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